Confidence interval for a linear combination of variances from k ≥ 2 independent non-normal populations that utilize kurtosis via the method of variance estimates recovery (the MOVER) and its application to a general linear function of parameters presented by Zou et al. [6] is proposed. Our method will compare to the existing confidence interval via Monte Carlo simulation. The coverage probability and the average interval width are used to assess the confidence intervals.
Introduction

The proposed interval estimation procedures
Asymptotic variance estimators (General approach)
2.1.1 An unbiased population variance estimator It is well known that the usual unbiased estimate of variance is z α be a critical z-value. Another approach is to make use of the MBBE of variance in the similar pattern of (1).
The MBBE of variance
An improved estimator of the variance that utilizes the kurtosis was initially derived by Seals and Intarapanich [2] and later generalized by Wencheko and Chipoyera [5] . The estimator has the form 2 W S = w(n-1) 2 S where the weight, w =
is an optimal value that minimizes the MSE ( 2 W S ) and 4 γ is the kurtosis. Wencheko et al., [5] defined this estimator of variance as the "minimum mean-squared error best biased estimator" (MBBE). Since the relative efficiency (RE) of the MBBE is larger than 1, thus, implying that the MBBE is always more efficient than the usual unbiased estimator 2 S of variance. This statistic is of interested, in the present paper, we intended to deal with the MBBE of variance by adjusting a kurtosis estimation procedure using trimmed mean (and later let's call the adjusted MBBE of variance), then making use of the two biased estimators, the adjusted MBBE and the MBBE and the usual unbiased estimator 2 S to establish the asymptotic confidence intervals for a linear function of independent variances of nonnormal distributions that utilizes the kurtosis via the method of variance estimates recovery, the MOVER and its simple application to a general linear function of parameters(Zou et al., [6] ). The basic idea is construction of confidence intervals for a linear function of variances that involves using the readily available method of Donne and Zou [3] and Zou et al. [6] to combine confidence intervals based on separate samples. The MBBE of variance is of the form MSE(S ) .Consequently, an approximate two-sided 100 (1-α)% confidence interval for the variance may be given as 
The adjusted MBBE of variance
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Sirima Suwan and Sa-aat Niwitpong better kurtosis estimate but also tends to improve the accuracy of the interval estimation for leptokurtic (heavy-tailed) or skewed distributions. This adjusted MBBE estimator of variance (adjusted MBBE) yields the two sided 100(1-α) % confidence interval for variance:
, /2 z α be a critical z-value, and
Approximate Intervals for a linear function of variances 2.2.1 The MOVER and its applications [6]
Suppose we would like to construct two sided 100 (1-α) % confidence interval, denoted by ( L , U ) for 1 2 θ + θ where 1 2 , θ θ denote any two interested parameters 
Their further extension is to use a mathematical induction application in order to derived a generally 100(1-α) % confidence interval for linear functions of parameters (1), (2) and (3), and to obtain a confidence interval for linear functions of variances via equation (5) we should have k separate confidence limits for the asymptotic variance estimates 2 i ,i 1, 2,..., k σ = (i.e.,(l 1 ,u 1 ),…,(l k , u k )), thus the three distinct hybrid confidence intervals for a linear functions of variances can then be easily computed as they all have closed form solutions. Hence, the 100(1-α)% traditional MOVER and its application confidence interval for a linear function of variances (1), (2) and (3) are respectively, as follows, i. Namely U1:
The intervals estimation for a linear function of variances
σ , i = 1,2,…k given by equation (1).
ii. Namely M1: iii. Namely M2: 
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Method
A simulation study was carried out to investigate the performance of the 95% confidence limits for a linear function of variances. The 10,000 sets of variance values were randomly sampled from a variety of distributions. The U1, M1 and M2 were used to compute the coverage probabilities (Cps) and the average interval widths (Aws) for each of 10,000 sets of variance values and for various balanced and unbalanced sample sizes. The simulation programs were written in R and executed on an Intel computer.
Results
In constructing confidence intervals for linear functions of variances For a linear function of 2 variances, regardless of balanced or unbalanced designs, the results in Table 1 show that as groups of observations are moderate or large, for asymmetric (skewed) distributions, the M2 performs substantially better than both the M1 and U1 in terms of holding the mean coverage closest to the nominal level, with narrowest average width, for symmetric non-normal distributions, M2 and M1 are identically and both have coverage close to nominal. The U1 is clearly the poorest performer for all cases of skewed distributions, as the coverage never reaches 95% and in many cases of symmetric non-normal distributions its coverage does not maintain its nominal level except when pair of samples is tends to infinity that its coverage converges to the nominal level. For linear function of 3 variances, regardless of balance or unbalance designs, results (not showed here) state that, for skewed distributions, as groups of observations are moderate to large, both the M1 and M2 outperform the u1 but the M1 sometime performs slightly better than the M2 in the sense of well control the coverage probabilities to be close enough to the nominal level and a little bit narrower widths, while the U1 can better perform when groups of observations are extremely large, for symmetric non-normal distributions, the M2 and M1 are seem to be identically and maintaining their coverage quite well while the U1 perform poorly ,only with the uniform and beta distributions the U1 tends to be most precise in some value of linear coefficients, regularly, it can better perform when groups of observations are large.
Results from constructing confidence intervals for linear functions of 4 variances in Table 2 show again that the M2 is identical to the M1 and both also hold their level well for symmetric non-normal distributions but for some skewed distributions the M2 provides inaccurate coverage that exceeds the nominal level while the M1 is slightly below the target level. However, it is also shows that the M2 and M1 perform comparably well for moderate to large sizes. Results from the U1 depart from the nominal too often, except in some value of linear coefficients for a number of symmetric non-normal distributions (i.e., beta (3, 3) and uniform(0,1)), it performs best, generally, as high sizes, the U1 performs reasonably well. 1/4,1/4,1/4,1/4)  c=(1,-1,1,-1 In further investigation, as comparison, we determined the performances when samples are collected from normal population distributions, in both cases of equal and unequal variances when various group sizes are balanced and unbalanced designs. Simulation results are also established but not shown here. Findings suggest that, the pattern of results were similar for the equal and unequal variances regardless of balanced or unbalanced designs, so in most cases, when sample sizes are moderate, small to large, the top performing intervals are the M1 and M2, moreover, they both yield almost identical results that give reasonably similar coverage and width and these are maintained as sample sizes increases, with the U1, in many cases, as sample sizes increase, generally there is an increase in coverage probability, while in some linear coefficients value, it is the best performer.
Although not reported here we also found that , for a wide variety of linear functions of variances, from k ≥ 2 populations that are not identical, the results usually show an extremely large departure from the nominal level that are not attractive.
Conclusions
Two new intervals for a single linear combination of variances, the M1 and M2 which are generated from the MBBE and the adjusted MBBE of variance respectively, are proposed here and demonstrate that they both have better coverage probabilities than the U1 that is generated from the unbiased variance estimator in most cases investigated by both symmetric and asymmetric distributions when various group sizes are balanced or unbalanced designs.
As a whole, two possible explanations for our results are that the three intervals, the M2, M1 and U1 for linear function of variances obviously fail to hold their nominal coverage, often providing intervals which are poor. In most cases small-sample performance we investigated, all the confidence intervals converge to the target level, as groups of observations are large.
Confidence interval construct for a single linear combinations of variances , from k=2 independent populations, the M2 performed best in terms of holding the correct coverage probabilities with narrowest average width in most cases, for asymmetric distributions regardless of balanced or unbalanced designs, and identical to the M1 for all symmetric distributions when the group sizes are moderate to large.
For k > 2 independent populations, when samples are drawn from symmetric population distributions, regardless of balanced or unbalanced designs, mostly cases for a variety of coefficient, the M2 is also identical to the M1 but has a little bit wider widths than M1 when group of sizes are moderate to large and they both better perform than the U1, except cases in which at least one negative term occurs in a variety of coefficients then they both seem to be inferior in a few distributions. For skewed distributions, in several cases coverage of the M2 is still at or above nominal while the M1 is at or below nominal, though they are still close to nominal, it is not clear whether the M2 or M1 perform best since these two intervals alternately outperform.
In addition, we found a few instance where the coverage probabilities of U1 was superior to the M2 and M1 when samples come from Normal (regardless of equal or unequal variances) or symmetrically distributed populations (i.e., Beta (3, 3) and Uniform(0,1)) as there is at least one negative coefficient occurring in a variety of coefficients. To investigate the rule for variances combinations that give the best performer, that is left for a subsequence paper. Finally, we thank the work of Donner and Zou [3] , and the work of Zou et al. [6] .
